Abstract-This paper reports on the use of the rotational component of chest vibrations for the automatic annotation of seismogram (SCG) recordings for the first time. An inertial measurement unit consisting of a three-axis MEMS accelerometer and a three-axis MEMS gyroscope is used for recording chest vibrations. The gyroscope signal acts as a reference for the detection of the isovolumic moment (IM) and aortic valve closure (AC) peaks on the SCG signal. Experimental results from ten subjects at rest indicate a close correlation between the timings of the P1 and P2 peaks of the gyroscope energy waveform and the accelerometer IM and AC peaks, and provide the capability for ECG-free annotation of the SCG signal using the energy peaks, which are simpler to detect. Furthermore, extended experiments from walking subjects reveal the feasibility of using the head-tofoot axis gyroscope recordings as an enhancement tool for the annotation of the SCG signal.
I. INTRODUCTION

R
ECENT reports from the American Heart Association indicate that an average of 2,200 people die every day in the United States as a result of cardiovascular diseases (CVDs) [1] . CVDs not only have high mortality rates but also influence a large population-more than 25% of the US population suffer from some kind of CVD. This number is expected to increase to 40% over the next decade, with an even faster-rising cost from $320 billion in 2015 to $1 trillion in 2025 [1] .
Prolonged and continuous daily monitoring of cardiovascular activities in both high-risk patients and healthy individuals is expected to provide great improvements in the early detection of CVDs and reduce their occurrences and associated costs. The most convenient and suitable choices for this purpose are non-invasive wearable devices. Stateof-the-art wearable sensors in academic and commercial devices are capable of measuring electrocardiography (ECG), photoplethysmography (PPG), and phonocardiography (PCG) [2] . Several researchers have recently focused on technologies that reflect the mechanical aspects of cardiovascular activities, namely ballistocardiography (BCG) and seismocardiography (SCG) [3] - [5] . While BCG refers to monitoring whole-body vibrations in response to the cardiac injection of blood into vessels, SCG measures local chest vibrations by attaching an accelerometer on the chest wall. The SCG signal is induced by myocardial movements of the heart and reflects heart valve opening and closure events [5] . Fig. 1 shows a typical SCG graph measured from our setup. The mitralvalve closure (MC), isovolumic moment (IM), aortic-valve opening (AO), aortic-valve closure (AC), and mitral-valve opening (MO) peaks are marked in this figure. The amplitudes and timings of these peaks are used to derive cardiac health metrics [6] and have shown application in detecting various diseases such as hemorrhage [7] and ischemia [8] , [9] . The peak timings are also used in assessing pulse transit times (PTT) for cuff-less blood pressure monitoring applications [10] , [11] . It is therefore essential to perform an accurate annotation of the peaks. This however is not a trivial task. The challenge is that depending on the characteristics and attachment position of the sensor and the features of the subject, the peak positions and their relative amplitudes may change. Current solutions to automatic annotation have three levels of dependence on a simultaneously-acquired electrocardiogram (ECG) signal for performing the annotation algorithm. These levels are described below: 1) Utilizing the ECG R-peak as a reference point for detecting IM and AO peaks [3] , [12] , [13] . These are the most common methods for the annotation of the SCG signal. SCG peaks can be detected using the ECG signal as they 1558-1748 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information. are located within fixed timings with respect to certain ECG peaks or heart rate envelope peaks. For example, IM and AO peaks can be found by searching within an interval of 200 ms from the ECG R-peak point in the same cardiac cycle [12] . AC peaks on the other hand can be found by searching within a smaller interval of 100 ms, centered 350 ms after the Qwave peak. Such methods generally provide high accuracies, but result in more system complexities compared to SCG standalone systems. Also, ECG-related methods are more complicated in attachment and may cause skin irritation under long-term monitoring.
2) Employing the high-frequency SCG (HFSCG) signal as a reference signal [14] . In this method, the SCG signal is separated into the low-frequency component (<30Hz) and the high-frequency component (>20Hz). The envelope of the high-frequency component (HFSCG) is then generated by employing a classic envelope calculation method used for PCG signals. Diastolic and systolic regions are then detected on the HFSCG envelope with the help of ECG recordings. Finally, the algorithm detects IM and AC peaks in the low-frequency SCG component by searching in diastolic and systolic regions respectively. This method slightly relies on ECG and shows great potential to be evolved into a standalone annotation method.
3) Applying ECG-free annotation algorithms. The first solution is to generate an envelope function based on the morphology of PCG signals [15] . An absolute-value integration, i.e. a moving-average of the SCG signal is used to generate the heart rate envelope as well as the systolic and diastolic envelopes. Based on these envelopes, the algorithm locates the areas of the SCG signal which contain the IM, AO and AC peaks. Although the exact peak locations cannot be found using this method, the peaks can be located within an interval of 30 ms from their exact locations. Another algorithm was proposed based on wavelet generation and gapfilling techniques [16] . This algorithm applies a heart rate envelope generation method and provides a precise detection of IM peaks. Based on the IM peaks, the algorithm then provides a less accurate estimation of AO and AC peaks. The overall detection accuracy of this method is generally high. However, its biggest disadvantage is that the algorithm parameters are highly dependent on the characteristics of the subject.
In general, by moving towards an ECG-free stand-alone algorithm, the algorithm complexity increases and the general precision of the peak location decreases. It is therefore clear that the ability to provide an ECG-free auto-annotation algorithm with a balance between complexity and cost will be invaluable in providing cardiac healthcare in daily settings.
An important point worth mentioning is that in all the works mentioned above, when the SCG signal is analyzed, the focus is only on the linear acceleration components of the chest vibration. The underlying assumption made here is that either the cardiovascular-related vibrations induce a purely linear displacement of the chest wall, or that the linear displacement components comprise the majority of the chest vibration signal. However, a recent study has shown that the rotational energy contains a significant portion (more than 60%) of the total SCG kinetic energy in both healthy subjects and heart disease patients [17] . This study suggested the possibility of using the rotational components of the chest vibration for evaluating heart activities and cardiac health.
In this work, we propose an energy model in which the rotational velocity components of the chest wall are integrated with the linear components. The rotational energy waveform is then employed to realize the annotation task. Extensive experiments are also performed to validate the proposed model. To the best of our knowledge, this is the first time gyroscope recordings are being used for the annotation of the SCG signal.
A clear advantage of our method is that due to recent advances in modern micro-electromechanical (MEMS) technologies, gyroscopes can easily be integrated with accelerometers in small-profile and low-cost inertial measurement units (IMUs). This provides significant advantages in terms of size and cost for our proposed method. Table I provides a comparison between our method and the main annotation algorithms proposed in the literature. It can be seen that our proposed method achieves a high detection accuracy as well as a more reasonable balance between system cost and algorithm complexity.
II. METHOD
A. The Hardware System 1) Sensor Attachment and Axis: An off-the-shelf wireless sensor node (Shimmer 3 from Shimmer Sensing [18] ) is attached with a chest strap on the front chest wall, positioned to the left of the sternum along the third rib. This sensor node is equipped with an inertial measurement unit (IMU) in which a three-axis MEMS accelerometer (Kionix KXRB5-2042, Kionix, Inc.) picks up the z-axis SCG data, i.e. the dorsoventral-direction vibration of the body. The acceleration data from the other two axes are also recorded for parameter calculations. Simultaneously, a three-axis MEMS gyroscope (Invensense MPU9150, Invensense, Inc.) picks up the multi-dimensional rotational speed. As illustrated in Fig. 2(a) , the gyroscope has the same axis system as the accelerometers. The y-axis rotation is along the head-to-foot direction while the x-axis rotation is long the shoulder-to-shoulder direction. All data are sampled at 256 Hz, with ranges of ±2g for acceleration and 250 degrees per second (DPS) for rotation. It should be noted that in our setup, the elastic strap is worn around the shoulder of the subject and therefore applies force to the sensor node in the z-axis direction ( Fig. 2(a) ).
2) Reference Signal: A pair of lead II (RA-LL) ECG electrodes is also connected to the chest for reference measurements. The ECG signal acts as a reference for evaluating the detected peaks. Data are transmitted via Bluetooth to a computer and synchronized between the sensors. Both IMU and ECG recordings are imported into a DSP program coded in MATLAB.
B. The DSP System
The proposed DSP system diagram is shown in Fig. 2 b. The DSP system consists of a pre-processing band-pass filter, a kinetic energy calculation block for the gyroscope data, a peak-detection algorithm block, and an ensemble-averaging procedure for analysis.
1) Signal Pre-processing: All IMU signals are band-pass filtered from 0.8 Hz to 25 Hz. This is for the purpose of baseline wandering correction and removal of the high-frequency components. Our research focuses on the infrasonic components of the vibration in both linear and rotational aspects as defined by researchers in [4] . Exploring lower frequency components also provides for the system to achieve lower sampling and data rates, leading to lower power consumption levels.
2) Derivation of the Kinetic Energy Waveform of the Gyroscopic Recordings:
Very limited research has been performed on utilizing gyroscopes for the evaluation of heart vibrations. However, a multi-dimensional kineticardiography (MKCG) approach was recently proposed in [17] . The proposed MKCG method consists of two main parts which are the calculation of linear and rotational kinetic energies defined as follows:
where ω and I are the angular speeds and moments of inertia of the sensing unit along each of the three axes, and m and v are the mass and linear velocity of the sensor respectively. In this work, an assumption was made that the moments of inertia were more related with subject body metrics, and were derived from the heights and weights of subjects according to [19] . However, in this work the sensor locations are different as we are collecting the SCG signal from the chest wall rather than the BCG signal from the center of the mass as reported in [17] . Our assumption is therefore different in that the inertia metrics are independent of the subject but related to the mass and location of the IMU sensor node. We propose a linear regression algorithm to derive the moments of inertia parameters. The algorithm is based on the assumption that the total energy received from the chest vibration is relatively stable when the subject is at rest. We can then describe our problem as follows: Denoting x i (i = 1 to 6) as our data recordings (i.e. the three-axis linear kinetic energy and the three-axis rotational kinetic energy), we could find a linear model with parameters c∈R 6 and b∈ R such that:
This problem is equivalent to finding the coefficients β ∈ R 7 in: where β i = c i , ∀i = 1, . . . , 6, β 7 = b, and x 7 = −1. Given m sets of observations, it is easy to formulate the problem in (2) into a rank-deficient matrix least-square problem which we can solve using singular vector decomposition (SVD) [20] , [21] :
where A is the m by n+ 1 observation matrix (n = 6 is the number of observations) with -1 as the 7 th column. The last column of V is then the unit length null vector of A which is the best l 2 fit of
with as the noise component in the observation, assuming to be identically-distributed Gaussian noise and independent from the observation data. In our application, the observation matrix has a duration of 120 cycles (m = 120). The observation data are first standardized into having a unit variance. Coefficients from V are then put into the kinetic energy waveform generator (1) to generate the gyroscope energy waveform. Based on this, the coefficients' values are generated for the x, y, and z-axis moments of inertia as: 11.5, 21.4, and 1 (scaled with the z-axis value to have a unit weight). Please note that these metrics may vary if a different device or attachment location is used. Fig. 3 illustrates the ensemble-averaged SCG and E rot waveforms (red and black lines, respectively) obtained from 120 cardiac cycles. It is observed that the highest peak of E rot (P1) is close to the IM peak of SCG, while the second peak (P2) is close to the AC peak. Based on our experimental results which will be discussed in Section III, the IM peak lies in a window centered at P1 with a window size of ±25 ms, while the AC peak is located in a window ed at P2 with a size of ±35 ms. A peak finding algorithm is therefore applied as follows:
3) Peak Detection and Annotation:
• Locate P1 peaks using a maximum finding algorithm modified from the ECG peak detection algorithm we formerly proposed in [22] . From the starting point of the data sequence, the algorithm searches for the maximum point within a segment of the length p× ns, in which p is a factor slightly larger than 1 (in our setup p = 1.2) and ns is the sampling rate. The timing data for n number of samples are then stored in the array P1[n].
• After the detection of P1 peaks, locate P2 peaks from the interval between two consecutive P1 peaks. A maximum that is lower than P1[n] is searched at a range from P1[n] to P1[n+1] for each n in the data. The P2 information is then stored in P2[n] as an array.
• Search for IM and AC peaks on the SCG signal with windows centered at P1 and P2, respectively. The IM peak search is a minimum searching with a window size of 50 ms while the AC peak search is a maximum searching with a window size of 70 ms. For example, the search for IM peaks is conducted with the timing window between P1[n]-25 ms and P1[n]+25 ms. In order to evaluate the performance of the algorithm, a moving-average filter of 20 ms is also applied to E rot and the same peak detection algorithm is processed and compared to the case of no filtering. Also, as shown in the derivation of E rot in (2), the moments of inertia along the 3 axes are in fact the weights of the angular speeds squared along these axes and therefore determine the contributions of the 3 gyroscope readings to the final energy waveform. For comparison, we also investigated individual gyroscope recordings as well as an equally-weighted energy waveform, and compared the results with the results from the E rot signal.
III. EXPERIMENTAL SETUP AND PROTOCOL
Three sets of experiments were performed as described below. All human experiments were approved by the Committee for the Protection of Human Subjects at Stevens Institute of Technology [23] .
A. Window-Size Investigation (Experiment I)
Five healthy subjects (ages: 21 ± 2.3 years, heights: 1.79 ± 2.9 m, weights: 77 ± 4.12 kg) participated in the first set of experiments. The subjects were required to sit at rest in a chair in a quiet lab environment for 120 seconds. During each experiment, SCG, gyroscope and ECG signals were recorded at the same time. IM and AC peaks were marked and manually checked with the reference ECG signal. Meanwhile, the peaks from the gyroscope recordings and energy waveforms were located using the algorithm described in Section II. After that, the time differences between P1 and IM, and P2 and AC were calculated. Gyroscope data were first automatically marked for P1 and P2 and then manually checked for accuracy with the help of the SCG and reference ECG signals.
B. Automatic Annotation of SCG Peaks at Rest (Experiment II)
In the second set of experiments, ten healthy subjects (ages: 23 ± 2.3 years, heights: 1.78 ± 2.8 m, weights: 75.5 ± 3.8 kg) participated. The subjects were asked to sit in a chair as in the previous experiment for five minutes. The window sizes in these experiments were generated from the experimental results of Section III.A. An annotation based on ECG recordings is performed and manually checked to work as a ground truth for the calculation of detection rates.
C. Annotation of SCG Peaks During Walking (Experiment III)
Five healthy subjects participated in this experiment in the third (last) set of experiments. The subjects were required to walk at normal speeds in a quiet lab environment for at least two minutes. During walking, the subjects made random turns and stops to simulate a daily activity scenario. Fig. 4 demonstrates 5-second time-domain plots obtained from a subject at rest (Experiment I). Raw gyroscopic recordings from the three axes are illustrated in Figs. 4 (a), (b) , and (c), respectively. From a quality point of view, we observe that the x and y-axis rotations have a similar waveform to the SCG although with different peak shapes. However, the z-axis graph does not contain much information and is not easily distinguishable from the noise floor. This matches the z-axis coefficient we generated, indicating that the z-axis rotation does not constitute a major portion of the total kinetic movement induced by the heart from the mechanical coupling of a chest strap. Several different aspects are investigated. The results are presented below. subjects in Experiment I. For comparison purposes, we located the P1 and P2 peaks on both the rotational kinetic energy waveform E rot and the individual gyroscope components. The averages and standard deviations are represented in milliseconds. As can be seen in Fig. 4 (a) , the P1 interval (marked in the red rectangular area) of the gyroscope recording from the x-axis (Gyro_X) has two large peaks with comparable amplitudes. This phenomenon results in high false-positive rate (almost 50%) when using the peak detection algorithm proposed in Section II. Gyroscope data from the y-axis (Gyro_Y) performs better than Gyro_X in the peak detection algorithm, but still suffers from false positives. Therefore, in order to calculate valid time differences between rotational energy peaks and SCG peaks, a manual correction was applied to Gyro_X to provide valid time differences in Table II . Since a simultaneous ECG signal has been recorded in our setup, we manually checked SCG annotations using ECG as the reference signal for calculating time differences. For IM peaks, we calculated time differences from the largest peaks in the Gyro_X signal and ruled out the second largest peaks. For Gyro_Y and E rot , we followed the same procedures described in Section II.B.3.
IV. EXPERIMENTAL RESULTS
A. Analysis of the Individual Gyroscope and Energy Peaks and Comparisons With SCG (Experiment I)
Results from Table II suggest that the time differences between P1 and IM and P2 and AC peaks are slightly larger and the standard deviations are much larger in single-axis recordings compared to E rot . Considering this as well as the high false-positive rates of the single-axis recordings, we decided that the energy waveforms are clearly more suitable for annotation purposes. The time differences obtained from the energy waveform are in average 18.30 ms from P1 to IM and 22.93 ms from P2 to AC. The window sizes of the two peaks (IM and AC) were then assigned as 50 ms and 70 ms accordingly, rounded to be larger than twice of the experimental values.
B. ECG-Free Annotation From Subjects at Rest (Experiment II)
With the window sizes derived in Section IV.A, an ECG-free annotation of the SCG signal was conducted using E rot with and without the moving-average filter. For comparison, equally-weighted energy waveforms from the three axes were also used for annotation. False-positive cases of IM and AC peaks were detected and ruled out by checking with the manual ECG-marked SCG peaks. Fig. 5 depicts 5-second recordings from a subject at rest showing the ECG signal, the gyro energy waveform with and without the moving-average filter, the equally-weighted gyroscope energy waveform, and the SCG signal.
The detection rates of IM and AC peaks for subjects all in Experiment II are presented in Table III , both with and without the moving-average filter. The average detection rate Five-second segment measurements from a subject at rest: (a) ECG signal, (b) raw gyroscope energy waveform, (c) filtered gyroscope energy waveform, (d) equally-weighted filtered energy waveform, and (e) SCG waveform.
for the IM peaks is 96.14% with the raw rotational kinetic energy waveform (E rot ) and is increased to 96.81% when applying the 20 ms moving-average filter on the gyroscope data. The average detection rate for the AC peaks is 93.61% without any smoothing and 94.36% after filtering is performed. Although the filtered E rot has fewer false-positives in most cases, total detection rates don't benefit much from filtering. This demonstrates the high quality of the produced energy waveform even without further filtering.
For comparison, the equally-weighted energy waveform is also used for detecting the IM and AC peaks in the data recorded from subjects in Experiment II. Table IV shows the resulting peak detection rates. It is seen that a high average IM detection rate of 96.41% is achieved after filtering. However, the AC detection rate is below 60% in most experiments, Fig. 6 . 5-second segment measurements from a walking subject: (a) the ECG recording, (b) the y-axis gyroscope recording, (c) the filtered rotational energy of the y-axis, (d) the filtered total energy waveform, and (e) the SCG waveform.
indicating a poor signal quality. These results suggest that our proposed model is considerably more effective than an equally-weighted energy model when the subjects are at rest.
C. Experiments With Ambulant Subjects (Experiment III)
Five subjects were asked to walk at normal speeds during measurements. The results are discussed in this section. Compared to at-rest recordings, the x and z-axis data were seriously corrupted, but recordings from the y-axis were not affected as much. Therefore, we calculated the rotational energy waveforms from the y-axis gyroscope recordings alone. Fig. 6 shows 5-second segment measurements from a walking subject. As shown in Fig. 6 (b) , the peaks of the total energy waveform can hardly be recognized. This result reveals the limit of our proposed model. It is only robust when the subject is at rest. In comparison, the y-axis gyroscope energy waveform which is shown in Fig. 6 (c) and moving-average filtered in Fig. 6 (d) shows a relatively high-quality signal. P1 peaks are easily detected in these waveforms even though P2 peaks are slightly corrupted. However, it should be noted that the band-pass-filtered SCG signal is also affected by the motion noise as shown in Fig. 6 (e) . Comparing the detection of the P1 peaks to the ECG signal R peaks, the y-axis energy waveform achieves an average detection rate of 92.3%. Considering that no specific motion cancellation algorithms have been employed, this detection rate is quite impressive. This suggests that the y-axis rotation does not suffer significantly from motion noise, showing potential for use in annotation of SCG signals during movement.
V. DISCUSSION AND CONCLUSIONS
This paper investigates the use of gyroscope recordings for the ECG-free automatic annotation of SCG signals for the first time. Experimental results suggest the feasibility of using the rotational kinetic energy waveform for the annotation of SCG peaks. A comparable detection rate to the state-ofthe-art methods and an enhanced balance between hardware cost and algorithm complexity is achieved. Furthermore, this work reveals a strong correlation between rotational and linear heart-induced vibrational recordings (shown in Table II) and therefore can lead to a platform for nomenclatures of gyroscope recording peaks based on cardiac activities. Finally, we demonstrated that the y-axis energy waveform of the gyroscope signal shows a low sensitivity to walking noise, and therefore may prove useful for annotation of SCG signals in ambulant subjects. The natural advantage of the MEMS accelerometers and gyroscopes being integrated in a compact form factor provides a great opportunity for the development of ultra-small cardiovascular monitors with standalone annotation capabilities.
Future research on this topic include expanding the subject groups to include both healthy subjects and cardiac patients in different age ranges. Also, a more general model will be developed for application to various different attachments and mechanical couplings which result in different rotation forms of the sensor device.
